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The Effect of the WIC Program on the
Health of Newborns
E. Michael Foster, Miao Jiang, and Christina M. Gibson-Davis
Objective. To determine the effect of the Special Supplemental Nutrition Program for
Women, Infants, and Children (WIC) on birth outcomes.
Data Source. The Child Development Supplement (CDS) of the Panel Study of
Income Dynamics (PSID). The PSID provides extensive data on the income and
well-being of a representative sample of U.S. families from 1968 to present. The CDS
collects information on the children in PSID families ranging from cognitive,
behavioral, and health status to their family and neighborhood environment. The
first two waves of the CDS were conducted in 1997 and 2002, respectively. We use
information on 3,181 children and their mothers.
Study Design. We use propensity score matching with multiple imputations to ex-
amine whether WIC program influences birth outcomes: birth weight, prematurity,
maternal report of the infant’s health, small for gestational age, and placement in the
neonatal intensive care unit. Furthermore, we use a fixed-effects model to examine the
above outcomes controlling for mother-specific unobservables.
Principal Findings. After using propensity scores to adjust for confounding factors,
WIC shows no statistically significant effects for any of six outcomes. Fixed-effects
models, however, reveal some effects that are statistically significant and fairly substan-
tial in size. These involve preterm birth and birth weight.
Conclusions. Overall, the WIC program had moderate effects, but findings were
sensitive to the estimation method used.
Key Words. WIC, birth outcomes, propensity score, multiple imputations, fixed-
effects model
The Special Supplemental Nutrition Program for Women, Infants, and Chil-
dren (WIC) is the third largest food program in the United States, reaching
nearly 8 million women and children at a cost of U.S.$5 billion (USDA 2007a).
The program forms a key part of the safety net for poor families: nearly 60
percent of poor children under the age of 4 receive WIC, nearly twice as many
as those who receive food stamps (Zedlewski and Rader 2005).
Given the program’s scope and prominence, the efficacy of WIC has
been studied extensively. However, findings have been inconsistent, and the




program remains an active focus of policy evaluation (Ludwig and Miller
2005). The methodological challenge facing researchers is that many
characteristics are likely correlated with both WIC use and child health. This
correlation introduces bias, leading one to either overstate or understate
WIC’s effects depending on the nature of the relationships between the mea-
sured and unmeasured confounding factors, children’s outcomes and WIC
participation.
In this paper, we use propensity scores to examine the association between
WIC participation and birth outcomes. Under key assumptions, propensity scores
approximate a randomized experiment by creating matched groups comprising
those from both the treatment and comparison groups who are comparable
except for treatment status. We further estimate fixed-effects models that allow
for mother-specific unobservables. In addition, we examine how strong con-
founding with an unobserved variable would have to be to explain the apparent
effect (or noneffect) of WIC participation using approaches proposed by Rose-
nbaum (2002) and Imbens (2003). These analyses involve data from the Panel
Study of Income Dynamics——Child Development Supplement (PSID-CDS), a
study that has tracked more than 5,000 families for nearly four decades. The data
included an over-sample of poor families, making it well suited for examining
issues of poverty and child development in the United States.
This study makes two contributions to the existing literature. First, by
considering multiple outcomes——birth weight, born preterm, low birth weight,
small for gestational age (SGA), neonatal hospitalizations, and maternal report
of infant health——this study provides a more complete account of WIC’s
potential effects than most prior research. Second, because of the scope of
the data, we account for the effect of heretofore unmeasured or omitted
characteristics (such as maternal IQ and family income) that are likely to
confound WIC estimates.
BACKGROUND
The WIC program promotes the development of fetuses, infants, and young
children by offering supplemental food packages, nutritional education, and
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referrals to health care and other social service providers. Since its inception in
the early 1970s, the program has grown tremendously in size and scope. In
1974, the program had 88,000 participants; by 2004, the program had nearly 8
million participants, served by 2,200 agencies throughout the country (USDA
2006). Half of all children o1 year and one-quarter of children between
ages 1 and 4 years participate (Oliveira et al. 2002). One in every U.S.$10
spent on food assistance in the United States is devoted to WIC (USDA
2007a).
The WIC program offers three benefits to eligible participants. The first
is a food package, containing foods that are high in certain nutrients, such as
protein, iron, calcium, vitamin A, and vitamin C (USDA 2007b). Infants up to
a year also can receive free and reduced-cost formula. In 2006, the value of the
average monthly food package per person was U.S.$39.03, but it was higher
for families receiving free and reduced cost formula (Food and Nutrition Ser-
vice 2007). The second benefit is nutritional counseling, which consists of two
mandatory education classes during each 6-month certification period. The
final benefit is referrals to health care and other social services.
To qualify for WIC, recipients must meet three requirements. First, they
must be a member of a categorically eligible group: pregnant women,
postpartum women (eligible for up to 1 year if breastfeeding, 6 months if not
breastfeeding), and children up to 5 years old. Second, they must be income
eligible, either because their incomes are at or below 185 percent of the federal
poverty line or because they participate in the Temporary Aid to Needy
Families, Medicaid, or Food Stamp programs. Third, a health care
professional must declare them at ‘‘nutritional risk,’’ either because they have
a medical-based risk (e.g., anemia, underweight, and poor pregnancy
outcomes) or because they have a diet-based risk (e.g., an inadequate diet).
In practice, nearly all mothers and children meet the nutritional risk criterion
(Currie 2003).
WIC promotes healthy birth outcomes through the provision of nutri-
tious foods that aid in fetal development and/or the promotion of advanta-
geous maternal behaviors through its counseling sessions and referral to other
social agencies (Rossi 1998). However, various factors may block these path-
ways. First, while situations of extreme nutritional deprivation have strong
negative effects on birth outcomes (Stein and Susser 1975), the effects of
moderate nutritional deficits are much less pronounced (Goldenberg and
Rouse 1998; Iams 1998). Nutrition is linked to poor birth outcomes insofar as
the mother has a low prepregnancy body mass index or has inadequate ges-
tational weight gain (Kramer 2003). WIC recipients, though, are more likely to
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be obese before pregnancy and do not gain substantially more weight during
pregnancy than do non-WIC recipients (Bitler and Currie 2005).
Second, the counseling and referral components of WIC are limited, and
evidence as to whether they are effective in changing behaviors is inconsistent.
WIC offers two voluntary half-hour counseling and educational sessions per 6-
month enrollment period, during which WIC workers are required to provide
information on nutrition, drug, and alcohol services, and other available social
programs (GAO 2004). Some studies have found that these sessions increase
prenatal care and decrease smoking and tobacco use, while other work has
found either no association or a negative one (Rush et al. 1988; Kahler et al.
1992; Bitler and Currie 2005; Joyce, Gibson, and Colman 2005). The one
maternal behavior where the evidence appears unequivocal is breastfeeding,
as research has repeatedly demonstrated that WIC reduces breastfeeding
(Chatterji and Brooks-Gunn 2004; Jacknowitz, Novillo, and Tiehen 2007),
presumably because of its provision of free formula.
Despite the mixed evidence supporting the pathways between WIC and
birth outcomes, numerous studies have found that prenatal WIC participation
is associated with increases in mean birth weights (Lazariu-Bauer et al. 2004;
Bitler and Currie 2005), decreases in the number of low and very low birth
weight babies, fewer preterm deliveries, and reductions in neonatal and fetal
mortality rates (Kennedy and Kotelchuck 1984; Stockbauer 1987; Rush et al.
1988; Devaney 1992; Brown, Watkins, and Hiett 1996; Moss and Carver
1998; May et al. 2001). The magnitude of the program’s impact differs de-
pending on the degree to which studies address the problem of selection bias,
suggesting that endogeneity is a key problem in WIC evaluation (Ludwig and
Miller 2005). For example, using data from Pregnancy Nutrition Surveillance
System, Joyce et al. (2005) adjusting for the timing of WIC enrollment elim-
inated the association between WIC and preterm birth. The authors reasoned
that women with longer pregnancies had more opportunity to enroll in WIC
and hence estimates of WIC on preterm birth were confounded by gestational
age bias. In another study, Joyce et al. (2005) use data on births in New York
city and find that the advantage of WIC to twins, who are at particular risk of
fetal growth restriction, to be minimal.
The literature also demonstrates the advantages and disadvantages of
alternative data sources. Administrative data generally have more reliable
information on program participation than self-report data, but they have
limited information on the range of outcomes and the potential confounders.
Lazariu Bauer and colleagues, for example, examine a large administrative
database on WIC participation in New York state. The authors do consider 29
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potential confounders——these variables are drawn from birth certificate data
and program information. However, key characteristics are unavailable, such
as mother’s cognitive ability or family income. (The study does include rates of
child poverty in the geographic region.) As discussed below, these are key
predictors of both children’s outcomes and WIC participation.
Perhaps most striking is that the data include only WIC participants. The
authors suggest that early and late participants are more comparable to each
other than to nonparticipants, but that assertion is untestable with these data.
Researchers consider dosage an indicator of the program impact, but in an
observational study, such assessments suffer from the same difficulties as
comparisons of participants with nonparticipants. For the above reasons, we




The study analyzes data from the CDS-PSID. The PSID includes extensive
data on the income and well-being of a representative sample of U.S. families
for nearly four decades. The study covers a range of topics, including family
composition change, food and housing expenditures, employment, income,
health, and welfare. Data were collected annually from 1968 to 1997 and
biannually after 1997.
The CDS is one component of the PSID. The CDS provides compre-
hensive, nationally representative, and longitudinal data on children and their
caregivers (McGonagle and Schoeni 2006). In 1997, PSID randomly selected
3,563 children aged 0–12 from 2,394 PSID families and collected information
on their well-being, ranging from cognitive, behavioral, and health outcomes to
family and neighborhood environments. While not shown in the tables, we
compared the birth weight distributions of the CDS sample with those reported
in the national vital statistics during the same period (1985–1997) and found
they were comparable. For example, the percentage of low birth weight babies
among non-Hispanic white mothers ranged from 5.6 to 6.5 from the vital sta-
tistics, and it was 5.36 for our sample; that for non-Hispanic black mothers
ranged from 12.6 to 13.1 from the vital statistics, and it was 13.75 for our sample.
Our study use information on 3,181 children and their families. Three
hundred and eighty-two children were excluded because (1) they did not
live with their biological mother at the time of interview (n 5 271); (2) they
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were missing information on WIC participation (n 5 101), on race and eth-
nicity (n 5 5), and on date of birth (n 5 5).
Measures
The main variable of interest is a mother’s prenatal WIC participation. The
child’s primary care givers (usually their biological mother) reported this in-
formation during the 1997 interview.
Our outcome measures include six child health outcomes: the child’s
birth weight (in grams), whether the child was born low birth weight (e.g.,
weighed o2,500 g), whether the child was born prematurely (e.g., gestational
age is o37 weeks), whether the child was born SGA (e.g., weighing less than a
specified percentile of birth weight for a given gestational age; we used a
gender-specific SGA measure from Alexander et al. 1996), the mother’s rating
of the child’s health at birth as compared with other babies (1 5 worse,
2 5 same, 3 5 better), and whether the child was placed in the neonatal in-
tensive care unit (NICU).
Our covariates include a broad array of child, maternal, and household
characteristics collected over the period of the PSID study. For child covari-
ates, we included the child’s age (in months), the child’s race and ethnicity
(white, non-Hispanic; black, non-Hispanic, other), the child’s sex, whether the
child was first born to the mother, and the number of siblings. Maternal
characteristics included IQ,1 education (high school dropout [omitted cate-
gory]; completed high school, attended college), her age at the time of the
child’s birth, and whether she was working, married, or was the head of the
household (e.g., the only adult) during the year of the child’s birth. Family-
level characteristics included the household’s income from the year of the
child’s birth. This list is more extensive than that in prior research.
Matching Procedure
For a brief review of propensity score methodology, see the methodological
appendix (Appendix SA2). We used PSMATCH2 (Leuven and Sianesi 2003)
for Stata 10 SE (StataCorp. 2007). PSMATCH2 implements a variety of pro-
pensity score matching methods to adjust for preobservable differences be-
tween a treatment and a control group. The program calculates approximate
standard errors on the treatment effects assuming independence among ob-
servations, fixed weights, homoskedasticity of the outcome variable within the
treated and within the control groups, and that the variance of the outcome
does not depend on the propensity score (Leuven and Sianesi 2003).
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First, we calculated a propensity score for each individual, the predicted
probability of WIC receipt. This prediction was generated using the results of a
probit model for which WIC participation was the outcome. The predictors
included the variables discussed above. As we mentioned earlier, the pro-
pensity score represents a ‘‘balancing score’’——when matching cases on the
propensity score, the distribution of the covariates between those who par-
ticipated WIC and who did not should be the same (Rosenbaum and Rubin
1983b). This property, however, holds only as sample sizes approach infinity
and so is only approximate in any finite sample. As a result, good practice
involves comparing the distribution of covariates between groups. If the cov-
ariates do not balance, then one should modify the propensity score equation
(Morgan and Winship 2007) and reassess balance. While over-fitting the data
in this manner would not be desirable for many purposes (e.g., such as testing
hypotheses about the determinants of WIC participation), modifying the pro-
pensity score in this way ensures that the propensity score better captures
between-group differences in the covariates. Preliminary analysis suggests that
running separate probit model with additional nonlinear terms for four sub-
groups defined by child’s sex and race improved the balance of covariates.
Having been calculated, propensity scores can be used in a variety of
ways, including weighting schemes, matching, or as a covariate (Rosenbaum
and Rubin 1983a). The key issue with estimating the effect of WIC is calcu-
lating a counterfactual outcome——the outcome expected had the individual
not received WIC. We do this using a kernel estimator that essentially creates
this estimate for a given case using a weighted average of comparison cases
with a similar propensity score. The actual estimated counterfactual is a
weighted average of those cases; the closer the propensity score, the greater
the weight.2 The econometrics literature suggests that this method is especially
effective in estimating the counterfactual (Heckman and Navarro-Lozano
2004).
Handling of Missing Data
Because data were collected at multiple interviews, the amount of missing data
is relatively high. Table 1 provides information on item missing data. For key
variables such as maternal IQ or family income, the amount of missing is 23
percent and 14 percent, respectively. Using the ICE and MICOMBINE
commands (Royston 2005) in Stata 10 SE (StataCorp. 2007), we multiply
imputed missing values under an assumption of missing at random, analyzed
each dataset, and combined the resulting parameter estimates using Rubin’s
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rules. Appendix SA2 also provides more detail on our multiple imputation
strategy.
In addition to all the outcomes and covariates used in the previous
propensity score analysis, the latest child level weights and two other IQ
measures3 were included in the imputation.
RESULTS
Except for Table 1, all results reflect pooled estimates across the imputations
using Rubin’s rule. Table 1 provides descriptive statistics for the actual data
analyzed (before the imputation), disaggregated by whether the mother
received WIC.
Among our sample, 43 percent of them reported receiving WIC pre-
natally. Nine percent of children were born low birth weight, and 8 percent
had been born prematurely. One in six mothers did not complete high school,
and one-third was unmarried when the child was born.
WIC recipients compare unfavorably to other women in terms of their
sociodemographic characteristics and some of their children’s outcomes. At
birth, children of WIC recipients weighed less (3,226 versus 3,386 g), were
more likely to be born low birth weight (11 percent versus 7 percent), or small
for gestational age (21 percent versus 11 percent). As for demographic char-
acteristics, mothers who received WIC had lower IQs, less educational at-
tainment, and lower household incomes the year the child was born. Those
mothers also were younger, reported larger family size, and were dispropor-
tionately African American.
Table 2 presents the results of the model used to generate the propensity
scores. The table presents the probit coefficients for each of the four subgroups
defined by race and the child’s gender, pooling across imputations using
Rubin’s rules. These analyses essentially identify those characteristics that
distinguish WIC participants from other women. This multivariate assessment
is appropriate to understanding the overall potential of the covariates to con-
found unadjusted comparisons of recipients and other women. Comparing
across subgroups, the effect of some predictors did vary. In some instances, a
characteristic predicted WIC participation only for one gender. For example,
for reasons that are not entirely clear, the number of siblings predicted WIC
participation only for female children. On the other hand, married mothers
were less likely to use WIC than other women, and this relationship is con-
sistent across the four subgroups.
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Table 2: Propensity Score Models (Imputed)
Female Male
Black White/Other Black White/Other
Covariates
Child (at 1997 survey)
Age (in years)  0.04  0.07 0.00  0.07
0.069 0.065 0.071 0.066
Number of siblings 0.22nnn 0.19nnn 0.04 0.09
0.059 0.052 0.045 0.061
First born 0.22  0.10  0.32n  0.25
0.167 0.142 0.146 0.140
Mother (at 1997 survey)
Mom’s age giving birth-20  0.04  0.08n  0.03  0.10nn
0.033 0.037 0.029 0.032
Mom’s IQ  0.01  0.03  0.02  0.02
0.016 0.018 0.013 0.015
Education
High-school graduate  0.02  0.17 0.04 0.01
0.088 0.102 0.089 0.089
High-school dropout (omitted)
College or more  0.21nnn  0.23nn  0.03  0.10
0.068 0.080 0.069 0.075
Mother (year of birth)
Family income (logged) 0.61nn 0.61 0.21 0.50
0.243 0.337 0.258 0.338
Married  0.39nn  0.35n  0.50nnn  0.46nn
0.160 0.159 0.159 0.183
Employed  0.08  0.16  0.26  0.14
0.143 0.145 0.135 0.165
Head of householdw  0.10  0.12 0.09  0.09
0.203 0.298 0.190 0.360
Additional terms for nonlinearity
Mother’s age (squared)w 0.01 0.11  0.13 0.28
0.177 0.218 0.155 0.165
Child’s age (squared)z  0.11  0.06  0.49  0.20
0.440 0.416 0.435 0.431
Income (logged then squared)  0.18nnn  0.19nnn  0.10  0.21nnn
0.048 0.061 0.051 0.063
Child level weight (2002) 0.00 0.00 0.00 0.00
0.010 0.005 0.010 0.005
Race (other) 0.83nnn 0.59nnn
0.150 0.150
Intercept 1.46nn 1.88nn 2.14nnn 2.00nn
0.545 0.671 0.547 0.744
Observations 609 959 678 935




wRescaled as [mom’s age at giving birth-20]^2/100
zRescaled as child’s age (in years)^2/100
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As we mentioned earlier, a good practice involves checking the covari-
ate balance after the matching. Propensity-score-based comparisons of WIC
participants and nonparticipants revealed no substantial differences in the
means of the covariates. For more details on covariate balance, see Appendix
SA3.
Table 3 presents the estimated effects of WIC participation on the birth
outcomes. Each panel represents a different comparison. For each, we present
the estimated effect, the standard error, and the p-value. For continuous out-
comes, the effect is the mean difference for the outcome for a WIC participant
and the estimated counterfactual. For the dichotomous outcomes (like pre-
term), the effect is the difference in the predicted probability of the outcome.
First, consider the unmatched samples in the leftmost panel. Results
indicated that children born to WIC-recipients had lower scores on the ma-
ternal health rating of the child, were more likely to be born low birth weight,
born small for gestational age, and had lower birth weights. Given the obvious
confounding, one could argue that these figures are of little or no use, but they
do represent a baseline against which adjusted figures can be assessed. (One
also can compare these figures to other datasets to assess across-study differ-
ences in sample composition.)
For the matched sample (second panel), the between-group differences
were no longer significant. The differences between the matched and un-
matched sample were quite striking: for example, in the unmatched sample,
the difference in birth weight between the two groups was 159 g (or around 5.6
ounces). In the matched sample, the difference was only 18 g (or 0.7 ounces)
and was no longer statistically significant at 0.05 level. Likewise, the difference
in the number of babies born low birth weight changed from 4 percent higher
in the unmatched sample to a 1 percent decrease in the matched sample. Most
of the outcomes were pointing to the anticipated direction (improved out-
comes) and, if not, matching reduced the magnitude of negative effects.
Sensitivity Analyses
We addressed several limitations of our analyses and methodology. First, one
potential problem with our data is the length of recall required for the women
with older children in 1997. We limited the analyses to the 1,627 children ages
7 and younger.
Second, the analyses reported above include nonrecipients who may not
have been eligible for WIC and so are not comparable to those using WIC.
We reduced this heterogeneity by limiting the analysis to those women
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enrolled in the Medicaid program at the time of the child’s birth. Doing so
makes our study more comparable to prior research such as Bitler and Currie
(2005), who limit their analyses to women whose delivery was paid for by
Medicaid. In both instances, while statistical significance varies somewhat, the
fundamental results of the earlier analyses are unchanged.
As noted before, propensity score methodology does not allow for be-
tween-group differences in unobserved factors affecting both participation and
child outcomes. We addressed this problem in two ways. First, we estimated
fixed-effects models that allowed for mother-specific unobservables. In es-
sence, these analyses involved sibling, within-family comparisons and have
been used to examine the impact on child outcomes of a range of maternal
and family characteristics such as breastfeeding, mother’s age, and neighbor-
hood conditions (Rosenzweig and Wolpin 1995; Aaronson 1997; Der, Batty,
and Deary 2006; Holmlund, 2005). In this case, fixed-effect estimation in-
volves comparisons of children born to mothers when receiving WIC with
their siblings born to the same mother when she was not using WIC. These
results are reported in the last two panels of Table 3. These analyses shed two
insights. First, comparisons of the fixed- and random-effects estimates indicate
that the two sets of estimates differ statistically. (At the request of a reviewer, we
do not present the latter here, but they are available from the authors.) In
general, the fixed-effects estimates are larger.
Even within fixed-effect estimation, time-varying unobserved differ-
ences may confound comparisons of those children who did and did not
receive WIC. Such factors would vary within child and may reflect changes in
the mother’s circumstances or broader developments in the community. For
that reason, we conducted sensitivity analyses like those proposed by Rose-
nbaum (2002) and Imbens (2003). Such sensitivity analyses assess how
strongly confounding with an unobserved variable would have to be to ex-
plain the apparent effect (or noneffect) of a treatment (WIC participation).
Following Rosenbaum (2002), we began by grouping the data into pairs based
on the propensity score. Each pair included a WIC participant and a matching
nonparticipant drawn without replacement.4
First, we examined the pattern of matched pairs assuming no unobserved
confounding. Among these pairs, one can calculate a nonparametric test (the
sign test) of the relationship between WIC and the outcome using discordant
pairs. Taking low birth weight as an example, our matching produced 1,373
pairs. Of these, 245 pairs were ‘‘discordant’’——one birth in the pair was low
birth weight and one was not, and the low birth weight baby was born to the
WIC participant in 141 (58 percent) pairs. If WIC users and nonusers were
1096 HSR: Health Services Research 45:4 (August 2010)
perfectly matched, any deviation from 50 percent (the null hypothesis) would
reflect the effect of WIC. One can use binomial distribution to calculate the
corresponding p-value on the observed effect.
The sensitivity analyses then considered whether this pattern could be
explained by hypothetical, unobserved dichotomous characteristic (‘‘healthy’’
versus ‘‘unhealthy’’). The link between ‘‘healthy’’ status and WIC participation
would have to be relatively strong to explain the null findings. For birth weight,
for example, 64 percent of women enrolling in WIC would have to be drawn
from the ‘‘unhealthy’’ class. This relationship would have had to exist over and
above the balancing of observed characteristics. Our sensitivity analyses for the
other outcomes were similar and are available from the first author.
DISCUSSION
Using propensity scores, this study has examined the association between
WIC and the health of newborns. In general, we find modest effects of the
WIC program, and our findings seem robust to changes in model specifica-
tion. We also considered the possibility of unobserved confounding, estimat-
ing fixed-effects estimates and Rosenbaum bounds. Neither of these
supplemental analyses suggests that our findings for maternal rating of the
child’s health, for spending time in the NICU, or being small for gestational
age are affected by WIC.
While prior studies are far from uniform on the benefits of WIC, these
effects are generally smaller than those found in earlier research. We believe
several explanations are possible. First, we are able to include more and better
covariates in our analyses that adjust for the confounding caused by such
characteristics. As a result, earlier studies may exaggerate the effect of WIC.
Second, the handling of Medicaid status actually may inflate the esti-
mated effect of the program. Medicaid participation presumably will be pos-
itively associated with both children’s health and with WIC participation. The
latter may involve a direct effect——WIC may enroll women in Medicaid.
According to the standard formula for omitted variable bias, failing to include
Medicaid status as a covariate may inflate the estimated effect of WIC (Greene
2008). However, that framework assumes the Medicaid itself is not con-
founded by unobservables (Sobel 2008). If such confounding exists, then
Medicaid is a ‘‘collider,’’ and conditioning on it establishes a spurious cor-
relation between unobserved determinants of Medicaid enrollment and WIC
(Pearl 2000, 2005; Greenland and Pearl 2008). If women who are of poorer
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health enroll in Medicaid (which seems likely if providers enroll women in the
program), the effect of WIC is inflated. As shown above, when we limit our
analyses to Medicaid enrollees, the estimated effects are larger (though still not
statistically significant).
However, some results are encouraging from a program perspective. We
do find fairly substantial effects of WIC for some outcomes in the fixed-effect
analyses. These effects involve two outcomes related to birth weight and pre-
term status, and all three are fairly substantial. They appear, however, only in
the fixed-effect analysis. As a result, the policy implications drawn by the
reader likely depend on how much confidence he or she has in the ignorability
assumption. The most straightforward argument is that WIC reflects time-
varying unobserved determinants of health, and that the fixed-effect estimates
are preferred. From that perspective, the bottom line for the paper is much
more positive.
However, the difference between the propensity score-based and fixed-
effect estimates may be explained by relatively subtle forces. One reason the
fixed- and propensity-score estimates differ is that even the latter were larger
in the sample of families with two or more children. One explanation is that
some predictors of family size——either observed or unobserved——may mod-
erate the effect of WIC. In that case, the fixed-effect estimates indicate not that
the propensity score estimates are wrong but are estimating a different effect. If
larger families are more disadvantaged, then perhaps the program’s effect is
larger among those families.
Another possibility is methodological in nature. It is also possible that
controlling for the fixed effects actually increased other biases, such as that
involving time-varying unobservables and WIC participation. This pattern
would imply that time-varying and time-invariant unobservables bias the
findings in different directions. Whether that is the case is unknown. Our
sensitivity analyses, however, show that the net effect of these two biases
would have to be fairly strong to explain the null findings.
Other limitations of our own analyses remain. First, data on WIC were
based on maternal recall. The rate of WIC participation is somewhat lower
than one would anticipate. However, for recall to influence the estimated
impact of WIC, the relationship between actual and reported WIC status
would have to be moderated by the outcomes of interest. For example, if
healthy and unhealthy women underreport their WIC participation to the
same degree, the effect of WIC would not be affected. We have no evidence
that this effect exists, and resolving the issue would require administrative data
on participation.
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Second, we might have adjusted for additional covariates, and doing so
might reveal benefits of the program otherwise obscured. Indeed, many more
variables are included in the data that might be used to calculate the propen-
sity score. However, as we performed these analyses, as more covariates were
added, the estimate of the program effect moved closer and closer to zero.
Third, this study has examined prenatal WIC participation, but preg-
nant women constitute only 11 percent of the WIC caseload (USDA 2006).
Therefore, our results do not address the effectiveness of the program for
postpartum women and children.
Finally, our study suffers from the limitations inherent to observational
studies. However, the putative gold standard of evaluation——a randomized
trial——is not possible or even desirable for a nearly universal program like
WIC. A body of research considers the circumstances under which observa-
tional analyses produces findings similar to a randomized experiment (Cook,
Shadish, and Wong, 2008; Steiner et al. in press). That literature suggests that a
well-done observational study can produce findings quite similar to those of a
randomized trial (where both exist). The key issue seems to be an under-
standing of the process shaping program participation and the availability of
appropriate covariates that capture the key, shared determinants of program
participation and the outcomes of interest.
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1. This measure is taken from the passage completion test of Woodcock Johnson test-
revised administered to primary caregivers in a 1997 CDS interview.
2. Even though we run race-, gender-specific propensity score model, every child
only has one propensity score. In calculating the kernel density estimate, we did
not limit eligible cases to those of the same race and gender.
3. They are grandmother’s and mother’s IQ, both taken from a short form IQ test
with 13 sentence completion questions (taken from the Lorge-Thorndike intelli-
gence test) administered in the 1972 interview (Veroff, McClelland, and Marquis,
1971).
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4. We matched the pairs using the optimal matching procedure in MatchIt (Ho et al.
2007), a software package in R.
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